ABSTRACT
INTRODUCTION
The terrestrial perspective is highly important when building facades and detailed structures are surveyed in urban areas, as well as when tree details and lower vegetation are measured in natural environments. Even if static terrestrial laser scanning measurements have been proven to provide accurate data (Vastaranta et al., 2008; Lichti, 2010; Polo et al., 2012) , mobile laser scanning (MLS) is preferred in many cases because of its rapid data acquisition and high productivity (Talaya et al., 2004; Jaakkola et al., 2008) . MLS systems have been attached to vehicles such as cars and boats. However, these platforms limit accessibility to those areas that cannot currently be reached by a vehicle.
To overcome accessibility limitations, backpack MLS systems have been developed (Chen et al., 2010) . Such systems allow personal laser scanning (PLS) and access to walkable areas. The first prototypes were quite large and heavy to carry, but because of sensor development the size of such systems is getting smaller. One of the earliest prototypes of backpack MLS, AkhkaR2, was developed by the researchers of the Finnish Geodetic Institute. The system was operational in 2011 (Kukko et al., 2012) .
Backpack MLS require navigational devices, such as GNSS and inertial instruments, combined with a 2D laser scanner or a 3D scanner in profiler mode. Some laser scanners, however, suffer from outliers-especially in profiler mode. In Figure 1 , raw data from FARO Focus3D attached to an AkhkaR2 backpack system is illustrated, showing outliers both in the air and below the ground. Without removing outliers, the actual objects cannot be clearly detected. Therefore, reducing outliers is an essential part of the pre-processing of MLS data, before applying further operations. The reasons why outliers appear in raw laser scanning data may vary. There can be sensor noise, multi-path reflections, faulty time measurements, hits from flying objects (like birds), phasebased scanners creating mixed pixels in breakline areas, background noise, etcetera. Usually, endusers do not get raw data because of automatic or manual outlier removal. However, when collecting raw data with the backpack prototype, all outliers are present before post-processing. The removal of outliers can be a time-consuming phase because data sets are usually very large.
Isolated outliers can be eliminated by searching if the neighboring area within a given radius includes fewer points than a threshold, as done in some commercial or free software-for example, TerraScan and LasTools. However, with a high point density and large search radius, computing time increases significantly. In addition, in TerraScan potential air points can be filtered by computing median elevation and a standard deviation within a given distance. All points above the standard deviation multiplied by a given factor are considered air points (TerraScan). LasTools classifies outliers by creating 3 × 3 × 3 cells of adjustable size around a point in focus and by searching if neighboring cells have fewer points than a threshold (LasTools). Papadimitriou et al. (2003) give a good presentation about finding outliers from large data sets. They suggest five categories of outlier detection that are distribution-based, depthbased, clustering, distance-based, and density-based methods. Lehtola et al. (2015) removed the 0 s 50.3125 s outliers of a rotating mobile mapping system by examining mean and standard deviation around each point separately.
In some cases, the scanning area includes clear surfaces in which planes or polynomial surfaces can be fitted or meshes can be created. In such cases, many outlier removal tools are useful, such as a spatial depth-pass filter (Pauly and Gross, 2001) , mesh simplifying (Lee et al., 1998) , topological noise removal (Guskov and Wood, 2001) , and wavelet denoising (Smigiel et al., 2008) , just to name few. Such methods are, however, difficult to apply in a natural environment if information from vegetation is also needed.
The objective of this article is to remove outliers from AkhkaR2 backpack MLS data in areas that include both buildings and nature. Our approach mainly utilizes voxel-based methods. In addition, we take the time aspect of backpack MLS data into account.
MATERIALS
The test was carried out in a mature forest plot in an area in Kirkkonummi (60.15°N, 24.53°E), southern Finland. A 2000 m 2 (40 m × 50 m) rectangular forest plot was set for this study, and data was collected for full coverage with overlapping paths. The dominant tree species in the test area is Scots pine (Pinus sylvestris L.). Other species growing in the plot include Norway spruce (Picea abies L.), birch (Betula sp. L.), and aspen (Populus tremula L.). AkhkaR2 is a backpack MLS system that can be operated on rugged terrain and forest floor for capturing precise and dense point clouds for ground elevation modeling, forestry, and urban mapping ( Figure 2 ). The AkhkaR2 system consists of a NovAtel SPAN GNSS-IMU positioning system integrated with a FARO Focus 3D laser scanner (see Table 1 for more technical details). The positioning system observes GPS and GLONASS satellites for global positioning and IMU tracks the system movements during the data collections. Trajectory information is postprocessed and fused with laser data from the cross-track profiling scanner to capture the mapped scene by a three-dimensional point cloud (Kukko, 2013; Liang et al., 2014) .
Data for this study was collected on September 4, 2013 with the scan frequency of 95 Hz and the point measurement rate of 488 kHz, yielding 1.2 mrad angular resolution within the profile. The beam divergence of the scanner was 0.16 mrad, giving a circa 11 mm spot size at 50 m range from the scanner. The profile spacing of the data collection at about 1 m/s walking speed gives 1 cm profile spacing along the trajectory. In practice, the turning and swinging of the system on the operator's back results in variation in the spacing.
Figure 2. The backpack MLS system AkhkaR2 (Photo: H. Kaartinen 2013).

METHODS
Backpack MLS data is time-dependent. Forest areas usually prevent optimal satellite visibility and IMU systems tend to create some time-dependent orientation errors. In addition, data acquisition in a forest usually leads to a serpentine trajectory. Therefore, the same areas are covered with point clouds from different data acquisition times. If the coordinate system has slightly changed, this causes confusing situations wherein one spatial area might have points in different coordinate systems (Figure 3) . Because of this, we chose to process data in relatively short time sequences and not to select data by the area. We processed data in 10-second time periods, which usually included circa 2.5 million laser scanning points. Originally data from the laser scanning campaign was stored in several LAS files, which each included circa 14 million points. A batch-based algorithm was created in Matlab for processing all .las files from a selected directory automatically. LAS file input was developed with C++ and compiled into a MEX file, enabling the use of it via Matlab. Even if data was processed in small parts, the results were stored in files corresponding to the original files.
Some of FARO Focus3D outliers can be eliminated by using an intensity threshold because many of them typically have a relatively low intensity value. Filtering dark intensity points especially helps to get rid of outliers close to the scanner. However this method does not remove all undesired outliers before affecting real objects. Therefore the filtering threshold cannot be set too high.
Figure 3. The cross-section of a tree trunk reveals the change of orientation within data. Blue points have been taken circa six seconds before red points.
For filtering the remaining outliers a voxel-based system was created, in which each voxel had a count of how many laser points were located within. The size of the total voxel array was determined from original data by searching for the maximum and minimum values in all directions of the coordinate axes. For filtering, there were two parameters: a threshold for the number of points required to be in a voxel and the size of the cubic voxels. These threshold parameters were found empirically.
Using just a single voxel array does not work reliably. The reason is, if we have a voxel covering only a part of a point cloud that belongs to some object, the voxel might include so few points that they do not exceed the threshold. In such a case, some parts of real objects would be deleted by outlier filtering. This effect can be eliminated by introducing more voxel arrays that are shifted half of the voxel length in the directions of three coordinate axes, diagonally between the XY, YZ, and XZ axes, and diagonally between all three axes X, Y, and Z. It should be ensured that all data is within voxel grids by adding more voxels if necessary. Working with several voxel arrays is illustrated in Figure 4 . For making visualization easier to interpret, we represent the idea in 2D. The workflow of 3D outlier reduction is:
• Create the first voxel array and the shifted voxel arrays (in X, Y, Z, XY, YZ, XZ, and XYZ) • Go through all laser points and select the closest voxel from all eight voxels arrays • If all voxels include less points than the threshold, then reject this point
In the 3D case, it is essential to use all eight voxel arrays in order to prevent the data loss of real objects. Figure 5 illustrates how the results differ if only the original and diagonally shifted voxel arrays are used, compared to using all eight voxel arrays. This comparison reveals that using too few voxels grids causes the loss of edge points and creates small holes in data. This kind of voxel-based filtering removes the majority of outliers. However, in some cases it is not possible to set a threshold large enough to remove all outliers without deleting actual object points. As a result, outlier segments can remain in the air and under the ground level.
The removal of separate voxels that contain outliers can be solved by applying 3D convolution to regular voxel arrays. We already had a 3D voxel representation of data (A) from the previous step. The result (C) reveals the potential locations of voxels that contain outliers and was achieved by convolving A with a 3D mask (B). *
The size of the mask B array was (3, 3, 3) and it was filled with ones ( Figure 6 ). The result of convolution was forced to be the same size as the original voxel data A. If we examine a filled but isolated voxel that has no values in the neighborhood voxels, 3D convolution gives exactly the same value that the original voxel had. Otherwise the convolution gives a larger value. We subtracted original voxel data A from the convolution result C and saved only those points that belonged in non-zero voxels.
Also this process requires eight shifted voxel arrays to function properly. In this case points within a voxel are deleted if any of the voxel arrays indicates the presence of outliers. The justification is illustrated in Figure 7 -again in 2D. 
Figure 7. In the left image, a non-detected outlier cluster is accidently divided among many examination areas. In the right image, all outliers belong to the one voxel in the shifted system.
Both the outlier reduction and the elimination of separate outlier point blocks can be applied with several voxel sizes and thresholds, depending on the data. However, if outlier point clusters are too large, some of them may still remain in the data.
Unwanted air points and outliers under the ground can be filtered out if there is a gap between actual data points and outlier point clusters. Removing this kind of outlier cluster can be achieved either by using voxels or bins. If it can be assumed that all outlier clusters are either higher or lower than the real object point clusters, all data can be handled in one bin. In such a bin, all data is distributed in a single column that is vertically divided into several slots. It is relatively easy to find a potential height slot that most probably includes object points by searching for the one with the maximum amount of included points (Figure 8) . From the height of that slot it is possible to search for empty height slots between filled slots. Deleting points from all slots after the first zero-slot found will remove outlier clusters. This can be done either upwards, for removing air outlier clusters, or downwards, to get rid of underground outlier clusters. If the data covers a large area or if the terrain shape varies a lot, a similar examination can be applied based on voxels, column by column.
In our approach, the following algorithms and parameters were applied:
• 
RESULTS
In the first step, dark intensity points were deleted and voxel-based outlier filtering was applied with a 0.3 m voxel size and with a threshold deleting points from voxels that include less than nine points (Figure 9 , left image). The limit was set to this number experimentally. A threshold of less than 10 points in a voxel removed some points from a wall that is highlighted in Figure 9 (right image). The first filtering removed the majority of the outliers, but not all of them.
Because the first filtering could not remove all of obvious outliers, the same algorithm was run again with two sets of parameters: a 0.3 m voxel size and < 9 points per voxel, and a 1.0 m voxel size and < 26 points per voxel. The latter filtering parameters were optimized empirically to reduce the majority of remaining outliers. As a result, only the largest outlier clusters remained, as can be seen from Figure 10 (left image). Visual examination reveals that in this case some outlier clusters still remain in the air and some isolated clusters can also be seen elsewhere. The final result was achieved after adding a bin-based filter of air and underground outlier clusters. In our case, the height of each slot of the bin was 4 m. If the final results ( Figure 11 ) are compared with raw data (Figure 1 ), the improvement is obvious. In this example, circa 17% of points were removed during the filtering process. Table 2 illustrates the number of removed points after each processing step.
In Figure 12 filtered backpack MLS data is compared against Unmanned Aerial Vehicle (UAV) based airborne laser scanning data. The green circle points out a potential outlier cluster that remains after filtering. Closer examination reveals that this outlier block included nine points, whereas the filtering threshold with the 0.3 m voxel case was set to less than nine points. The second filtering round with a larger voxel size had not removed this outlier cluster because it was located too close to the actual object. Some amount of outliers can be seen, for example, close to a tree trunk. However, such small variation could also happen due to orientation changes between data acquisition times. Orientation errors can potentially be corrected with closer analysis and therefore there is no desire to filter too much data. The lowest branches in backpack MLS data are not visible in UAV data. Because these branches include many points, they can be assumed to be real objects.
In the final filtering result ( Figure 11 ) there are some isolated point clusters on the side of the data. These points have been the furthest from the scanner and therefore the point density is generally lower. If only backpack MLS data is examined, it is practically impossible to say if these point clusters belong to real objects or if they are just remaining outliers. However, if data is superimposed onto UAV data (Figure 13 ), it appears that all of these point clusters belong to real objects. This illustrates how combining several data sources is useful in order to understand data, as well as to gain better coverage. Unfortunately, at some point the point density becomes so sparse that distant objects cannot be discriminated from outliers. Such points will be lost during the filtering process.
In order to illustrate the performance of the algorithm, two examination areas were selected. The first one included a tree and the other one a built structure. From these areas potential outliers were manually removed. Even if manual interpretation is difficult, the comparison illustrates the differences between the computational method and human interpretation. In the first test area, the result of our algorithm included 325 points that were not left in the manually filtered data set, and there were 1598 points that existed in the manually filtered data and not in the automatically filtered data (Figure 14, left) . The total number of points in this sample area was 24,200. Another sample area included 35,783 points. In this case, comparison revealed 67 points from our algorithm that were not found from the manually filtered point cloud and 1201 points that existed in the manually filtered data and not in the automatically filtered data (Figure 14 , right). It appears that in the natural environment more true outliers remain than in the built environment. In the case of the tree, the manual filtering was practically not done within the tree structure and therefore the difference to the algorithm-based filtering included many points. In the case of the built-structure, automatic filtering has removed, e.g., large parts of a "ghost" plane (on the top of the structure) having a sparse point density. The reason for such "ghost" plane is that the orientation has slightly changed within backpack data. This structure was not removed in the manual filtering, which explains quite large difference to the algorithm-based filtering. 
DISCUSSION
Not all outliers of backpack data can be filtered with one algorithm. In our case, it took four steps to remove obvious outliers and outlier clusters. Voxel-based methods seem to perform well and are highly adjustable to different situations. However, adjusting parameters needs manual work and empirical testing. In the future, one research topic should be how to automatically adjust these parameters according to data. If the adjustment were automatic, our algorithm could be applied as an integrated part of data acquisition. Optimal filtering parameters are dependent on the device and the type of objects. However, according to our experience, the same parameters are usually valid for most cases when data is acquired with the same device and settings.
The majority of outliers can be filtered out with our method. Only a small amount of outliers remain and the data is easily interpretable. However, there is a danger in setting parameters too high as then some object points are also filtered. To overcome this problem, the filter should automatically adjust itself according to local conditions. However, this is also left for further research. Our filtering method is not suitable for removing outliers that appear very close to real objects.
Taking account of time stamps is essential with backpack MLS data. In that way filtering parameters can be adjusted to concern only a small time period in which orientation errors do not play a significant role. Otherwise it is possible that orientation differences between different data acquisition times are confused with outliers.
CONCLUSIONS
Our aim was to filter outliers from AkhkaR2 backpack MLS data. We developed a novel method utilizing voxels to complete this task, providing an alternative way to filter outliers using eight voxel elements at each location. Algorithms included the removal of outlier points by the return intensity value, the voxel-based removal of points on sparse data areas, the voxel-based identification of isolated outlier clusters, and the bin-based removal of the air and the underground points. We had to run the voxel-based removal of points twice with the different parameters in order to achieve sufficient results.
As a result, we managed to remove the majority of visually identifiable outliers. All obvious air and underground outliers were successfully removed. However, some outliers remained if they were close to real objects. Such outliers may require further processing. Our method can be adjusted to fit various cases depending on the data acquisition parameters used. Unfortunately, setting filtering parameters is not yet an automatic process and it requires some interactive setting. Once the filtering parameters are set, the algorithms can be applied to a large number of files because of the possibility of batch processing. Even if our method was developed for filtering MLS data, it can also be applied to airborne or terrestrial laser scanning data, or even to photogrammetrically derived point clouds.
